Abstract-In order to overcome the drawback of the normal unscented Kalman filter (UKF) a novel adaptive UKF (AUKF) is developed and applied to nonlinear joint estimation of both time-varying states and modelling errors for helicopter. The filter is composed of two parallel master-slave UKFs, while the master UKF estimates the states/parameters and the slave one estimates the diagonal elements of the noise covariance matrix for the master UKF. Such a mechanism improves the adaptive ability of the UKF and enlarges its application scope. Simulations conducted on the dynamics of helicopter indicate that the performance of the adaptive UKF is superior to the standard one in terms of fast convergence and estimation accuracy.
I. INTRODUCTION
elicopter robots have proven to be highly effective for many areas including military reconnaissance, geolugical exploration, disaster rescue and more [1] . Autonomous control makes a helicopter perform well under changing and uncertain environment with reduced human intervention for extended period of time. Online modeling is a key technology for autonomous controller to maintain stability and high performance in uncertain environment and in the presence of failures or damages [2] .
UKF is well suited for online application due to its accuracy and computational complexity [3] [4] . However, since the UKF is in the framework of Kalman filter, it can only achieve good performance under the assumption that some information has to be known as a priori [5] . The priori knowledge includes: 1) accurate reference models; 2) complete information of the noise distribution; 3) proper initial conditions. But in practice this priori knowledge may not always maintain accurate because it is influenced by the dynamics and working environment of a mobile vehicle, both of which are time-varying and uncertain. One of the efficient ways to overcome the above mentioned weakness is to use an adaptive algorithm. There have been many investigations in the area of adaptive filter. Hu et al [6] proposed the limiting memory of KF, which could adaptively adjust the forgetting factors according to an optimal condition. Maybeck [7] that could estimate the covariance matrix of the error statistics. Lee [8] modified Maybeck's method by introducing a window scale factor, and integrating it into UKF. Loebis et al [9] used fuzzy logic techniques to update the sensor noise covariance. But in practice it is difficult to determine the increment values of the covariance matrix at each time instant. Song et al [10] designed a adaptive UKF based on MIT rule and simulation demonstrated its effectiveness.But the AUKF is too complex to conduct online. Song et al [11] designed an other adaptive UKF which is composed of two parallel UKFs. The AUKF has achieve better esimation than the standard one with the incorrect process/measurement noise covariance. But the AUKF is only used to estimate the state of mobile robot.
In this paper, the AUKF is employ to estimate the model error of the helicopter. The AUKF composed of two parallel UKFs is introduced. The master UKF estimates the system states while the slave UKF estimates the diagonal elements of the noise covariance matrix for the master UKF. By estimating the noise covariance, the proposed method is able to compensate the estimation errors resulting from the insufficient knowledge of the noise statistics. Simulations are conducted on the dynamics of a helicopter robot to verify the proposed scheme, and the results demonstrate that the performance of the adaptive UKF is superior to that of the standard one in terms of fast convergence and estimation accuracy.
II. THE ADAPTIVE UKF STRUCTURE
As shown in Fig.1 , the proposed adaptive scheme is composed of two parallel filters. At every time-step, the master UKF estimates the system states using the active noise covariance calculated by the 
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Noise Covariance slave one, while the slave UKF estimates the noise covariance using the innovation generated by the master UKF. The master UKF can also work independently without the slave one. Thus, the dual-UKF structure is reduced to a standard UKF with fix noise covariance. And the setting of the master UKF does not need any updates while activating/deactivating the slave one, which indicates that the slave UKF can be shut down to reduce the computational burden when the system statistics do not change a lot.
III. THE MASTER UKF
In the proposed scheme, the setting of the master UKF is the same as that of a standard one.
Consider a general discrete-time nonlinear system:
where
is the state vector,
is the output vector at time k. w k and v k are, respectively, the disturbance and sensor noise vector, which are assumed to Gaussian white noise with zero mean.
The master UKF can be expressed as:
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The variables in Equation (2~5) are defined as followings: {w i } is a set of scalar weights, Į is a constant determining the spread of the sigma points around x and is usually set as 1
. The constant ȕ is used to incorporate part of the prior knowledge of the statistics of x, while ȕ=2 is optimal for Gaussian distributions. Q x and R x are the disturbance and sensor noise covariance respectively. The diagonal elements of Q x and R x will be estimated by the slave UKF.
IV. THE SLAVE UKF
In real application, the difference between the priori knowledge and the true state statistics is the major factor that degrades the filter's performance. Therefore, selecting appropriate covariance matrices, i.e., Q and R in Equation (4) and (5), is most important to maintain the performance and stability of the UKF. In this paper, we propose using a slave UKF to estimate the covariance online. Under the assumption that the process and measurement noises are Gaussian white, we can conclude that the relative covariance Q and R are diagonal matrices. Then the estimation of the noise covariance can be simplified as the estimation of the diagonal elements.
Supposed that the diagonal elements of the noise covariance matrix are denoted by q and l q
. If the dynamics of q is known, the state equation of the slave UKF is:
If the dynamics of q is unknown, it can be modelled as a non-correlated random drift vector:
where w qk is the Gaussian white noise with zero mean. The innovation covariance generated by the master UKF is taken as the observation signal for the slave UKF and then according to equation (5) the observation model can be described as:
The measurement of k Ŝ received by the slave UKF is
where the v k is innovation and can be written as:
and 
V. SIMULATIONS
In this section, the proposed adaptive UKF algorithm is verified with respect to the dynamics of an unmanned helicopter.
A. Helicopter Dynamics
The helicopter dynamics can be described as a 6-DOF rigid body with external forces and moments originating from the main and tail rotors, empennage and fuselage drag. The rigid body motion equations in body-fixed frame can be given as: 
The subscript M and T denotes the main and tail rotor respectively; T and Q are respectively, the force and torque generated by main or tail rotor; S () is canstant coefficient; a 1s and b 1s , are respectively, the longitudinal and lateral tilt of the tip path plane of the main rotor with respect to shaft; h M , y M , h T , l M , l T are distance constants; 1 ' and 2 ' denote the unmodeled aerodynamic uncertainties including the influences of horizontal stabilizer, vertical stabilizer, fuselage, and the external disturbances such as the force and torque induced by air mass and wind. The simulation of this paper is only conducted on the yaw dynamics which can be obtained from (14) and (15) The complete yaw dynamics of (16) is too complicated to be used for controller design. Here, we propose a simplified one of (16).
Then there will be some uncertainties in the model and model error ȗ is ) sin ( ) cos cos sin (
In the following simulation, we will use the proposed AUKF to estimate the model error ȗ.
B. The UKF Settings
In the following simulations, the parameters in the yaw dynamics of (16-17) are selected as Table- 
It should be noted that in the following simulation settings of proposed AUKF are the same as those of standard UKF. Parameter estimation is tested and compared between the AUKF and normal UKF. In order to estimate model error, an extended reference model is proposed as (23). In this case, the model error which is treated as the parameter can be assumed as a non-correlated random variable driven by noise. Fig.3 presents the results of model error estimation, from which we can see that the standard UKF with fixed value noise covariance cannot track the abrupt change due to the lower pseudonoise intensity, which cannot provide enough drive power to the related estimation. As for the adaptive UKF, the intensity of the pseudonoise increases during the parameter change by the proposed adaptive mechanism. This accelerates the convergence of the model error estimation and makes the AUKF successfully track the abrupt change after a short period (about 1 second) of adaptation. In this paper, a novel adaptive UKF is proposed for the estimation of model error of helicopter. The adaptive UKF is based on dual estimation. One UKF called master UKF is use to estimate the model error. An additional UKF, called slave UKF, is used to realize the adaptation of the master UKF. This improves the robustness of conventional UKF with respect to the uncertain and model error in the real system. The proposed algorithms are presented and analyzed in detail, and simulations are carried out to perform joint state and model error estimation of a small size helicopter and comparisons are made between the normal UKF and the proposed AUKF. It has been demonstrated the adaptive UKF outperforms the conventional UKF in terms of the fast convergence and estimation accuracy.
